Recently, researchers have focused on how to minimize the negative effects of industrial activities on environment. Consequently, they work on mathematical models, which minimize the environmental issues as well as optimizing the costs. In the field of supply chain network design, most managers consider economic and environmental issues, simultaneously. This paper introduces a bi-objective supply chain network design, which uses fuzzy programming to obtain the capability of resisting uncertain conditions. The design considers production, recovery, and distribution centers. The advantage of using this model includes the optimal facilities, locating them and assigning the optimal facilities to them. It also chooses the type and the number of technologies, which must be bought. The fuzzy programming converts the multi objective model to an auxiliary crisp model by Jimenez approach and solves it with -constraint. For solving large size problems, the Multi Objective Differential Evolutionary algorithm (MODE) is applied.
Introduction
Supply chain management includes managing production and supply processes, from raw material to final customers as well as considering the whole supply chain network from the beginning to the end of the useful life of the product. Some researchers and organizations not only consider the above definition they also think about raw materials and their role in supply chain management, supply of resources processes, construction, and transportation in supply chain networks. Supply chain networks contain forward flows and backward ones, such as discounts, persuasive payments, information flows, and collecting the impaired product from customer zones. Consequently, decisions are made in three levels of strategic decisions, tactical decisions, and operational decisions.
multi-product dynamic model. In addition, Lu and Bostel (2007) represent a three-layer designing model, which locate facilities in the reverse logistics networks optimally. Pishvaee et al. (2011) introduce a linear model minimizing transportation costs. Moreover, Pishvaee et al. (2012) provide a model considering both forward and backward flows, simultaneously. The design of forward and reverse logistics networks has a strong impact on the performance of each other. Thus, to avoid the suboptimality caused by the separated design, the design of the forward and reverse supply chain networks should be integrated Fleischmann et al., 2001) . Salema et al. (2007) develop the Fleischmann et al. (2001) model by using stochastic mixed-integer programming approach under uncertainty. Lu and Bostel (2007) propose a mixed-integer programming model including both forward and reverse networks and their interactions simultaneously and to solve the presented model, they use Lagrangian-based heuristic. Klibi et al. (2010) conduct a survey on supply chain network design problems to demonstrate future research directions. propose a bi-objective mixed-integer linear programming model minimizing the total costs in a closed-loop logistics and maximizing the network responsiveness. A memetic algorithm is extended to solve the presented biobjective MILP model. Thus, by using integrated design of forward and reverse supply chain networks the profits results are taken and the whole life cycle of good and product are supported. General models (e.g. Wang & Hsu, 2010b) and case-based (e.g. Ko & Evans (2007) ) are proposed by researchers. The imprecise nature of returned products causes a high degree of uncertainty in closed-loop and reverse supply chain network design problems. Ilgin and Gupta (2010) present a comprehensive review on company's conscious about environment and product recycle and recovery and they survey some affiliate papers that work on environmental supply chain network design. Since the end-of-life (EOL) goods and products have important impact on environment, this has created a need to extend and develop models for reverse supply chain (logistics) network design. Additionally, as seen in relevant literature, a thin part of works incorporates the environmental issues into supply chain network design decisions. Hugo and Pistikopoulos (2005) present a bi-objective mathematical programming model to consist environmental impact in forward supply chain network problem. The proposed model maximizing the total profit and moreover, minimizes the environmental impact by applying LCA principles. For electronic equipment recycling network a model is presented by Quariguasi Frota Neto et al. (2009) to minimize traditional cost objective in addition to cumulative energy demand and wastes. Quariguasi Frota Neto et al. (2008) proposed a bi-objective linear programming model for forward supply chain network design considering environmental impacts in European pulp and paper industry. However, the developed model is able to optimize the quantity of flow between supply chain layers and ignores the other decisions such as determining the location, number of facilities and capacity of them. All of the mentioned papers in the area of environmental supply chain network design avoid the integrated design of forward and reverse networks and incorporating the environmental issues into decision making model. In addition, all of the above mentioned papers are incapable to model the uncertainty of parameters in supply chain network design problem. To cope with this uncertainty issues, most of the relevant papers applied stochastic programming approaches (e.g. Pishvaee et al., 2009; El-Sayed et al., 2010) . Because of the lack of historical data in real cases that is rarely available and the high computational complexity, the use of stochastic programming models seems to be impossible for real cases. Therefore, in recent years, a few number of papers use more flexible approaches such as fuzzy programming (e.g. Wang & Hsu, 2010a) . El-Sayed et al. (2010) present an integrated designing network under probabilistic approaches, which determined distribution centers, suppliers, re-assembly centers, and re-distribution centers. Furthermore, Qin and Jin (2009) consider the rate of reverse products, their quality levels for being useable or recycling under uncertainty.
In order to solve supply chain design problems, a great numbers of heuristic algorithms (e.g., Wang & Hsu, 2010a) and meta heuristics such as simulated annealing (e.g., , genetic algorithm (e.g., Min et al., 2006) , scatter search (e.g., Du & Evans, 2008) tabu search (e.g., Lee & Dong, 2007) are applied and developed to solve these models. Jabal ameli et al. (2009) Syam (2002) apply simulated annealing operation to solve the model considering logistic costs in supply chain. Table 1 shows the characteristic of some papers regarding to literature review are studied to find the research gap. 
As in Table 1 there is no paper, which considers environmental issues in the form of recovery, production, and reverse network-and economic cost simultaneously and design the supply chain network with real hypotheses and quite a few uncertain parameters.
Problem Definition
Based on Fig. 1 , the supply chain network studied in this paper, distributes goods among customers from distribution centers. Then, product, after being defective, are returned to supply chain and after examination, the recoverable products are sent to recovery centers and the remains are sent to material customers. In recovery centers, after maintaining the products, they are returned to distribution centers to be sent to customer zones. The model considers the cost of locating facilities, transportation costs, the cost of production and maintenance, rate of CO 2 emission related to production, maintenance, and operation, the time machines are available, rate of returned products, rate of recoverability, by reason of being uncertain in real problems are considered in form of fuzzy parameters. Fuzzy indexes are shown with the sign "~"on top of them.
Model assumptions
 Each facility has a limited capacity.  The locations of customer zones and the material customers are fixed and predicted.  All demands should be met.  The potential location of distribution centers, collection centers, and recovery centers are discrete.  The model is multi-product multi-period.  The amount of CO 2 emission of production and recovery are uncertain.  In each layer, it is possible to use from several or all centers of that layer.  The probability that a defective product is sent to a customer is more than zero and this product is sent to collection center.
The output of the model
 The model looks for optimal locations of collection and examination centers, and recovery centers.  The optimal flows of goods among all facilities are related altogether.  The model determines the number of machines from each technology for production and recovery centers.  The model determines the types of products and how many of them produced or recovered by the chosen machines.  The model determines how much of salvage materials are sold to which customers.
The indexes, parameters, and decision variables are as follows:
Indices and sets j
Index of different parts, 
.
The first objective function minimizes total costs and the second objective function minimizes the CO 2 emissions. The constraint (3) ensures that customer demands for each type of products must be met, considering production limit and available time limits. Constraint (4) assures that the productions of factory is less than its capacity, constraint (5) strikes a balance between the input and the output of the distribution centers. Constraint (6) indicates the equivalent of input and output of customer centers, considering rate of returned goods of previous periods. Constraint (8) ensures that the input and output of collection centers are equal. Constraint (9) divides defective goods into recoverable goods and unrecoverable ones, based on the rate of recoverable defective good. Constraints (10) depict the balance between input and output of recovery centers. Constraint (11) assures that all products must be repaired by one type of technologies. Constraint (12) ensures that the volume of products in distribution centers are less than the distribution centers capacity. Constraint (13) ensures that unless a technology is not bought, no product is repaired with that technology. Constraint (14) assures that if in a candidate location a distribution center is constructed, it uses one type of capacity level. Constraint (15) ensures if a collection center is not constructed no product will be sent to it. Constraint (16) assures if a recovery center is not constructed, no product will be sent to it and o technology will be bought for it.
Solution procedure
The mathematical model for solving the mixed integer linear programming problem is a multiobjective fuzzy programming model. This two-stage approach is introduced by Jimenez et al. (1996) . In the first stage, the model converts to a deterministic slack multi objective model and then, in the second stage, the -constraint process gives the final output to the decision makers.
The first step: a definite slack multi objective model for the fuzzy model:
This method is based on common ranking, which was introduced by Jimenez et al. (1996) . What makes this model applicable is its applicability on stochastic parameters with different fuzzy functions whether they are symmetric or not. Such concepts as expected interval and expected value are the milestones of this method. First, these concepts were represented by Yager (1981) . In order to introduce of these concepts triangle fuzzy number 
Apart from that, for each pair fuzzy number such as a  and b  , the degree of a  , which is greater than b  is as follows, 
By using Jimenez et al. (1996) ranking method, it is proved that a feasible solution such as 
Auxiliary Crisp Model
Based on the mentioned descriptions the model in this paper is converted to an auxiliary crisp model: 
(4) (38) (7) (39) (9) (40) (13) (41)
-constraint method
As it is known -constraint is a generation method (Hwang & Masud, 1979 ) that is capable of depicting an optimal Pareto solution for decision makers to make most preferred decisions. This method puts one of the objective functions as the main objective function and considers as constraints. By changing the value of the right hand sides of constraints (the value of i e ) the optimal solutions are obtained.
There are two significant points that should be noticed about -constraint: 1) The range of each objective function must be determined over the efficient set, 2) The value of must be systematically varied for producing a Pareto set.
Experimental results
To show the validity and reliability of the represented model, several numerical experiments are executed and relevant solution results are provided in this section. As it is shown in Table 2 the experiments are solved for alpha 0.9, 0.8, 0.7 and the Pareto solutions, economic costs, CO 2 (divided into production and recovery), number of located units (stores, collection centers), and solving time (in seconds) are considered. Table 2 indicates the fact that two objective functions are in conflict, which means GAMS software works correctly. Because of the lack of data in these models, two test problems with different sizes are designed based on expert's knowledge and available data gathered by Pishvaee and Torabi (2010) . 
Multi-Objective differential evolutionary algorithms (DE)
Multi-objective differential evolutionary algorithm has the capability of solving optimization problems with constraints. Moreover, it can solve nonlinear and non-derivative objective functions. Apart from that, all decision variables take real numbers as value. This algorithm, like all evolutionary algorithms, works on some population, which are the chromosomes in the field of genetic.
Setting parameters in DE
Each operator in DE has a value, which should be set to obtain better results. The value of the operators are shown in Table 3 . In order to set the operators, all cases are examined and the best solution result and then the best values are chosen. For this purpose, distance indicators, the quality, diversity and distance from the ideal point indicators are used and the experiment with the best average rank is chosen and its parameters are selected as the value of DE operators. These values are shown in Table 3 . To show the efficiency and function of DE, it is compared with NSGA-II based on spacing Metric, Quality Metric.
Spacing Metric
This index shows the uniformity of distribution of Pareto solution in the solution space and calculated as follows:
is Euclidean distance between two adjacent Pareto solution in the solution space and also ̅ is also equal to the mean distance. The less the spacing metric, the better the algorithm works.
Quality Metric
This index obtains all Pareto solutions by each algorithm altogether and then conducts non-dominant experiments on all answers and finally, the quality of algorithm is the percent of new Pareto solutions of that algorithm. The more the index value is, the better the algorithm performs. The experimental results are shown in Table 4 and Fig 2. The Pareto solutions indicate that DE works effective and efficient. The experimental results of represented model explain that the economic costs rise because of considering environmental issues and trying to strike a reasonable balance between two objective functions. The other advantage of this model, in comparison with basic models, is that it also determines how many machines must be bought in production and recovery centers. Although the income of selling salvaged materials is contemplated, it is not enough to cover the new increase of costs.
Conclusion
This paper has designed an integrated supply chain, which not only plans for the flow of commodities and services in production centers, transportation, distribution centers, but it also looks at reverse flows and considers the probability of defect in goods resulting in the reverse transportation (recovery). Consequently, the model optimized both economic costs and environmental costs and reduced the industrial wastage. What makes this paper significantly different from the ones mentioned in literature reviews is combining environmental consideration and uncertainty in form of fuzzy programming with basic supply chain design model. The experimental results obtained by GAMS software show the validity of the model. For large sized problems, the multi-objective differential evolutionary algorithm 
